Prior studies on development of functional specialization in human brain mainly focus on age-related increases in regional activation and connectivity among regions. However, a few recent studies on the face network demonstrate age-related decrease in face-specialized activation in the extended face network (EFN), in addition to increase in activation in the core face network (CFN). Here we used a voxel-based global brain connectivity approach to investigate whether development of the face network exhibited both increase and decrease in network connectivity. We found the voxel-wise resting-state functional connectivity (FC) within the CFN increased with age in bilateral posterior superior temporal sulcus, suggesting the integration of the CFN during development. Interestingly, the FC of the voxels in the EFN to the right fusiform face area and occipital face area decreased with age, suggesting that the CFN segregated from the EFN during development. Moreover, the age-related connectivity in the CFN was related to behavioral performance in face processing. Overall, our study demonstrated developmental reorganization of the face network achieved by both integration within the CFN and segregation of the CFN from the EFN, which may account for the simultaneous increases and decreases in neural activation during the development of the face network.
Introduction
Neuroimaging studies have revealed that adult human brain is made up of cortical regions that are specialized for specific cognitive functions. How does this functional specialization arise in development? Prior studies have mainly focused on agerelated increase in regional activations for specialized functions. Yet, a few studies have shown that the development of functional specializations involves not only increase in activations for specialized functions but also decrease in activations for unspecialized functions (Dehaene et al. 2010; Cantlon et al. 2011; Joseph et al. 2011; Haist et al. 2013) . Because recent studies have shown that the development of regional specialization is preceded and predicted by the development of connectivity among regions Saygin et al. 2016) , an interesting hypothesis is that the simultaneous increase and decrease in neural activation during development might arise from both the establishment of relevant connections and the elimination of irrelevant connections.
Here, we chose the well-characterized network for face processing to test the hypothesis. Neuroimaging studies have revealed that face recognition is mediated by a core network for visual analysis of faces and an extended network for extracting semantic and emotional information conveyed by faces (Haxby et al. 2000; Fairhall and Ishai 2007; Gobbini and Haxby 2007) . The core face network (CFN) consists of the fusiform face area (FFA) (Kanwisher et al. 1997) , occipital face area (OFA) (Gauthier et al. 2000) , and posterior superior temporal sulcus (pSTS) (Haxby et al. 2000) , and the extended face network (EFN) includes the anterior temporal cortex (ATC), precuneous, anterior paracingulate cortex, inferior fromtal gyrus (IFG), amygdala, insular, and the reward system (Haxby et al. 2000; Gobbini and Haxby 2007) . Previous studies have shown age-related increase in face-specialized activation in the CFN regions through childhood (Golarai et al. 2007 (Golarai et al. , 2010 Scherf et al. 2007; Peelen et al. 2009; Joseph et al. 2011; Haist et al. 2013 ). In the EFN, however, 2 studies have observed an opposite pattern, with face-specialized activation decreasing with age in multiple regions during development (Joseph et al. 2011; Haist et al. 2013) . The dissociated progressive and regressive changes in activation indicate the complexity in the development of neural specialization for face processing, which is unlikely explained by 1 simple underlying mechanism.
As the precursor and predictor of the neural activation (Scherf et al. 2014; Song et al. 2015; Saygin et al. 2016 ), the connectivity among face-selective regions has been studied in recent years. These studies have mainly focused on the CFN and revealed age-related increase in functional connectivity (FC) , effective connectivity (Cohen Kadosh et al. 2011) , and white matter fiber tract among the CFN regions (Scherf et al. 2014) , which may underlie the age-related increase in neural activation observed in the CFN regions. However, no study so far has explored the connectivity mechanism underlying the age-related decrease in neural activation observed in the EFN. Here, we hypothesized that the decrease in neural activation in the EFN may arise from the weakened connectivity between the CFN and EFN during development. That is, the development of the face network is achieved by both the integration within the CFN indexed by strengthened connectivity among the CFN regions, and the segregation between the CFN and EFN indexed by weakened connectivity between the 2 subnetworks.
To test this hypothesis, we first defined the CFN and EFN in a group of children participants from 7 to 13 years of age (N = 25). We chose this particular age range because prior studies have reported that this period is critical both for the development of the face network connectivity in particular (Cohen Kadosh et al. 2011; Joseph et al. 2012; Scherf et al. 2014; Song et al. 2015) and for the development of the overall connectivity pattern across the whole brain in general (Dosenbach et al. 2010; Cao et al. 2014 ). Additionally, previous behavioral studies have found linear improvement in face recognition ability in this age range (Lawrence et al. 2008; Germine et al. 2011; Song et al. 2015) . Then, we characterized the voxel-wise FC within the CFN and that between the CFN and EFN with a voxel-based global brain connectivity (GBC) method using resting-state fMRI (Cole et al. 2012; Wang et al. 2016a Wang et al. , 2016b . Next, we examined whether the FC within the CFN increased with age, and more importantly, whether the FC between the CFN and EFN decreased with age. Finally, we examined whether the agerelated FC was associated with face processing performance measured by a face-inversion task.
Materials and Methods

Participants
A total of 25 children (7-13 years, 13 females) participated in the study. All participants had normal or corrected-to-normal visual acuity, and none of them had any history of neurological or psychiatric diseases. Our investigation protocol was approved by the institutional review board of Beijing Normal University (BNU). Prior to testing, we obtained written informed consent from all participants and/or their parents.
fMRI Scanning
Each participant completed a resting-state run and 4 localizer runs. In the resting-state run lasting 10 min 30 s, participants were instructed to relax without engaging in any specific thoughts and to remain still with their eyes closed. Importantly, to eliminate the possibility that participants might imagine any stimulus presented in the localizer runs, the resting-state run was conducted before the localizer runs.
Each localizer run contained 11 blocks (2 blocks of each stimulus category and 3 blocks of fixation), totaling 2 min and 45 s. During each block of the localizer run, 15 exemplars from 1 of the 4 stimulus categories (faces, objects, scenes, or scrambled objects) were presented. Each image was presented for 600 ms, followed by a 400 ms interstimulus interval (ISI). During the scan, participants performed a 1-back task (i.e., pressing a button when 2 consecutive images were identical).
fMRI Data Acquisition
Scanning was performed on a Siemens 3 T scanner (MAGENTOM Trio, a Tim system) with a 12-channel phasedarray head coil at BNU Imaging Center for Brain Research, Beijing, China. Functional images were acquired using a gradient-echo echo-planar-imaging sequence (GRE-EPI, repetition time [TR] = 1.5 s, echo time [TE] = 30 ms, flip angle = 90°, matrix = 64 × 64, number of slices = 25, voxel size = 3.1 × 3.1 × 4 mm 3 , 0.8 mm inter-slice gap). For registration purposes, a high-resolution T1-weighted magnetization prepared gradient echo sequence (MPRAGE, TR/TE/inversion time = 2530/3.39/ 1100 ms, flip angle = 7°, matrix = 256 × 256, number of slices = 128, voxel size = 1 × 1 × 1.33 mm 3 ) anatomical scan was acquired.
fMRI Data Analysis
Task-State fMRI Data Preprocessing
The task-state fMRI data was preprocessed with FEAT (FMRI Expert Analysis Tool) Version 6.00, part of FSL (FMRIB's Software Library, http://www.fmrib.ox.ac.uk/fsl). The first-level analysis was conducted separately on each run for each participant. Preprocessing included motion correction, brain extraction, spatial smoothing with a 6 mm full-width at half-maximum (FWHM) Gaussian kernel, intensity normalization, and highpass temporal filtering (120 s cutoff). The FILM (FMRIB's improved linear model) with a local autocorrelation correction was used to perform statistical analyses on the time series. Predictors (i.e., the faces, objects, scenes, and scrambled objects stimuli) were convolved with a gamma hemodynamic response function to generate the 4 main explanatory variables. The temporal derivative of each explanatory variable was modeled to improve the sensitivity of the general linear model (GLM). Motion parameters were also included in the GLM as confounding variables to account for the effect of residual head movements. A face-selective contrast was calculated for each run of each participant: 2 × faces -(objects + scenes), which isolated face-specific processing by subtracting out general processes (e.g., task strategy and attention) shared with control stimulus categories . All runs of each participant were combined in a secondlevel analysis. Specifically, the parameter image from the firstlevel analysis was initially aligned to the individual's structural space through FLIRT (FMRIB's linear image registration tool) with 6 degrees-of-freedom and then warped to the Montreal Neurological Institute (MNI) standard space through FNIRT (FMRIB's nonlinear image registration tool) with default parameters. The spatially normalized parameter images with 2 mm isotropic voxels were then summarized across runs for each participant using a fixed-effect model.
Definition of the CFN and EFN
The face-selective activation in individual participants was thresholded (Z > 2.3, P < 0.01, uncorrected). Then, to capture the interindividual variability of face-selective activation for children, a probabilistic activation map for face recognition was created. The probability for each voxel was calculated as the percentage of participants who showed face-selective activation in that voxel. Finally, the group-level face network was created by keeping only the voxels that showed probability of activation higher than 0.2 in the probabilistic activation map (Engell and McCarthy 2013; Wang et al. 2016b ). According to the classical literature (Haxby et al. 2000; Fairhall and Ishai 2007; Gobbini and Haxby 2007) , the bilateral FFA, OFA, and pSTS were defined as the CFN, and the remaining regions in the face network were defined as the EFN.
Resting-State fMRI Data Preprocessing
The resting-state fMRI data was also preprocessed with FSL. The preprocessing included the following standard steps: removal of the first 4 images, head motion correction (by aligning each volume to the middle volume of the image with MCFLIRT), spatial smoothing (with a Gaussian kernel of 6 mm FWHM), intensity normalization, removal of linear trend, and temporal band-pass filtering (0.01-0.1 Hz).
To further eliminate physiological noise, such as fluctuations caused by motion, cardiac and respiratory cycles, nuisance signals from cerebrospinal fluid, white matter, whole brain average, motion correction parameters, and first derivatives of these signals were regressed out using the standard methods (Fox et al. 2005; Biswal et al. 2010) . The residual time series obtained after removing the nuisance covariates were registered to the MNI standard space using FLIRT and used for the FC analyses. The strength of the resting-state FC between 2 voxels was estimated using the Pearson's correlation of the residual time series at those voxels.
FC Within the CFN and FC Between the CFN and EFN
After the resting-state fMRI preprocessing, a GBC method was used, which is a recently developed approach for characterizing a region's full range FC with voxel-wise resolution (Cole et al. 2012) . The GBC of a voxel was generally defined as the averaged FC of that voxel to the rest of the voxels in the whole brain or within a predefined mask. In our study, 2 types of GBC measures were estimated for each voxel in the CFN of each participant (Wang et al. 2016b) . First, the CFN FC of each voxel was used to characterize the FC within the CFN, computed as the averaged FC of each CFN voxel to the rest of the voxels in the CFN. Second, the C-EFN FC of each CFN voxel was used to characterize the FC between the CFN and EFN, calculated as the averaged FC of each CFN voxel to all the voxels in the EFN. Then, participant-level FC maps were transformed to z-score maps using Fisher's z-transformation to yield normally distributed values (Cole et al. 2012; Gotts et al. 2013 ).
Development of the CFN FC and C-EFN FC
FC-Age Correlation Analyses
To depict the development of the CFN FC and C-EFN FC, correlation analyses between these 2 FC measures and individuals' age were conducted. Specifically, a Pearson's correlation between each FC measure and age was conducted for each voxel within the CFN. Multiple comparison correction was performed on the statistical map using the 3dClustSim program implemented in AFNI (http://afni.nimh.nih.gov). A threshold of cluster-level P < 0.05 and voxel-level P < 0.05 (cluster size > 90 voxels) was set based on Monte Carlo simulations in the CFN mask.
Seed-Based FC-Age Correlation Analyses
As the CFN FC and C-EFN FC were calculated by averaging the FC of a CFN voxel to all the remaining CFN voxels or to all the EFN voxels, we further investigated with which specific regions the FCs of the identified clusters in the aforementioned FC-age correlation analyses were correlated with age. To do so, seedbased FC analyses were performed with each identified cluster as the seed. That is, for the seed identified in the CFN FC-age correlation analysis, we calculated the FC between the mean time series in the seed (Fisher's z-transformed) and each CFN voxel and correlated the FC with age. Similarly, for the seed identified in the C-EFN FC-age correlation analysis, we calculated the FC between the seed's mean time series and each EFN voxel and correlated the FC with age. A threshold of clusterlevel P < 0.05 and voxel-level P < 0.05 (cluster size > 105 voxels) was set based on Monte Carlo simulations in the EFN mask.
Behavioral Relevance of the Age-Related FC
After investigating the development of the CFN FC and C-EFN FC, we further explored whether the age-related FC was related to face processing performance, but not to nonface processing. The participants were tested on 2 computerized behavioral tests examining face and nonface processing.
Face-Inversion Task A face-inversion task (Zhu et al. 2011 ) was used to measure participants' face processing. Overall, 25 gray-scale adult Chinese male faces were used, with all external information removed (Fig. 4 A) . Pairs of face images were presented sequentially, either both upright or both inverted, with upright and inverted trials randomly interleaved. Each trial started with a blank screen for 1 s, followed by the first face image presented at the center of the screen for 0.5 s. Then, after an ISI of 0.5 s, the second image was presented until a response was made. Participants were instructed to judge whether the 2 sequentially presented faces were identical. There were 50 trials in each condition, half of which consisted of face pairs that were identical, and half of which consisted of face pairs from different individuals. Accuracy (the average proportion of hits and correct rejections) and average reaction time (RT) for correct trials were calculated. By a median-split of our participants, we observed that the older children (11-13 years old, n = 12) showed the face-inversion effect (FIE, i.e., better performance in the upright than inverted condition) in accuracy, while the younger children (7-10 years old, n = 11) showed the FIE in both accuracy and RT. Therefore, we calculated an "efficiency score" to account for the effect in both accuracy and RT. It was defined as the velocity [ ( ) − − s RT 1 1 ] corrected by a factor defined by accuracy to be 0 at random responses and 1 at 100% correct responses:
− − s Efficiency Accuracy 0. 5 /0. 5 RT 1 1 . Efficiency for upright and inverted faces was calculated separately. The FIE, a widely used behavioral marker for facespecific processing, was calculated as the normalized residual of the upright face efficiency after regressing out the inverted face efficiency.
Global-Local Task
A variant of Navon's global-local task (Zhu et al. 2011; Wang et al. 2012 ) was used to measure participants' ability to process nonface objects globally. The stimuli were 4 hierarchical shapes of 2 types: consistent shapes in which the global and local shapes shared identity (e.g., local squares forming a global square), and inconsistent shapes in which the shapes at the 2 levels had different identities (e.g., local squares forming a global circle) (Fig. 4B ). There were 2 blocks, each of which contained 80 trials, preceded by instructions to identify shapes at either the local or global level. In each block, there were 40 trials of consistent shapes and 40 trials of inconsistent shapes, which were randomly interleaved. Each trial started with a central fixation cross for 0.7 s, followed by 1 of the 4 possible stimuli presented for 0.15 s. Participants were instructed to respond as quickly and accurately as possible whether the shape was a circle or a square. The global-to-local interference (GLI), a measure of the tendency to globally process general objects, was calculated based on RT: (Zhu et al. 2011; Wang et al. 2012 ).
FC-Behavior Correlation Analyses
To investigate whether the age-related FC was correlated with face processing, but not with nonface processing, we took the identified clusters from the FC-age correlation analyses as the regions of interest (ROIs), and correlated the mean FC measures of these ROIs with behavioral measures in the face-inversion task and global-local task, respectively (controlling for age).
Seed-Based FC-Behavior Correlation Analyses
We also investigated with which specific regions the FC of the identified ROIs was correlated with face processing performance. Specifically, the FC (Fisher's z-transformed) from the seed ROIs to each CFN or EFN voxel were correlated with efficiency in the face-inversion task (controlling for age).
Participant Exclusion
The quality control of the fMRI data focused on the artifacts caused by head motion during the scanning. Participants whose absolute head motion was greater than 3 degree in rotation or 3 mm in translation throughout the fMRI scan were excluded from further analyses. As a result, 2 participants who had excessive head motion were excluded. For the behavioral tests, 1 participant was excluded from FC-behavior analyses for the absence of behavioral data.
Results
The Definition of the CFN and EFN
In the present study, to define the face network for the children participants, we created a probabilistic map for face-selective activation in children's brain with the contrast of faces versus objects and scenes. The voxels with activation probability higher than 0.2 were identified as the face-selective regions constituting the face network, including bilateral FFA, OFA, pSTS, amygdala, inferior frontal gyrus (IFG, extended to medial frontal gyrus and insula), ATC, early visual cortex (EVC), precuneous, anterior cingulate cortex (ACC), ventral and dorsal medial prefrontal cortex (MPFC), and superior parietal lobule (SPL) (Fig. 1 A) . The regions in the face network were in agreement with the face-selective regions identified in previous studies on children (Joseph et al. 2011; Haist et al. 2013 ) and adults (Haxby et al. 2000; Kanwisher and Yovel 2006; Gobbini and Haxby 2007; Ishai 2008; Pitcher et al. 2011; Engell and McCarthy 2013; Zhen et al. 2013 Zhen et al. , 2015 Wang et al. 2016b ). Among these regions, bilateral FFA, OFA, and pSTS were defined as the CFN regions, and the rest of the face-selective regions were defined as the EFN regions (Fig. 1B) .
Development of FC Within the CFN and FC Between the CFN and EFN
After identifying the CFN and EFN, the FC within the CFN (CFN FC) was computed as the averaged FC of each CFN voxel to the rest of the voxels within the CFN, and the FC between the CFN and EFN (C-EFN FC) was calculated as the averaged FC of each CFN voxel to all the voxels in the EFN. A paired t-test between the CFN FC and C-EFN FC revealed that 96.0% of voxels in the CFN had a significantly higher CFN FC value than C-EFN FC value (t > 2.6, two-tailed P < 0.01, uncorrected), indicating a relatively encapsulated CFN from the EFN in children. To investigate age-related changes of the CFN FC and C-EFN FC, we conducted voxel-wise correlation analyses between the CFN FC or C-EFN FC and age for all voxels in the CFN. Two clusters in bilateral pSTS (left, 230 voxels, MNI coordinates −48 -54 22, P < 0.05, corrected, Fig. 2A,B ; right, 93 voxels, MNI coordinates 68 −48 12, P < 0.05, corrected, Fig. 2D ,E) showed significant positive correlation between the CFN FC and age, suggesting an increased integration within the CFN centered in the bilateral pSTS during development. No clusters showed negative correlation between the CFN FC and age. In contrast, a cluster in the right FFA and OFA (rFFA/rOFA) showed a significant negative correlation between the C-EFN FC and age (Fig. 3A,B , 428 voxels, MNI coordinates 36 -46 −18, P < 0.05, corrected), suggesting that the CFN, especially the right OFA and FFA, became more segregated from the EFN over the course of development. No clusters showed positive correlation between the C-EFN FC and age. There are 2 alternatives that may explain the decrease in connectivity between the CFN and EFN. One possibility is that the CFN may consolidate and dissociate from other regions generally; alternatively, the EFN may form a separable network of its own. To test these 2 possibilities, we further examined whether the FC within the EFN changed across development. We computed the voxel-wise FC within the EFN as the averaged FC of each EFN voxel to the rest of the voxels within the EFN, and correlated the FC within the EFN with age. No significant cluster was obtained with this analysis, suggesting that the decrease in FC between CFN and EFN may be the result of the CFN dissociating from other regions generally.
However, one may argue that the observed age-related FC changes might be accounted for by age-related differences in head motion (Power et al. 2015) or signal/noise ratio over time (tSNR) (McKone et al. 2012) . A series of control analyses were performed to ensure that the age-related FC changes were not caused by these confounding factors. First, to rule out the confounding effect of head motion, we calculated the mean displacement of each brain volume compared with the previous volume for each participant to measure the extent of her/his head motion (Van Dijk et al. 2012) , and reanalyzed the FC-age correlations while controlling for head motion. We found that all of the associations remained (lpSTS: partial r = 0.553, P = 0.008; rpSTS: partial r = 0.571, P = 0.006; rFFA/rOFA: partial r = −0.602, P = 0.003), indicating that the FC-age correlation was not an artifact from head motion. Second, we recalculated the correlation between the FC measures and age after controlling for the tSNR in both the CFN and EFN, and found that all of the results remained (lpSTS: partial r = 0.647, P = 0.002; rpSTS: partial r = 0.683, P = 0.001; rFFA/OFA: partial r = −0.600, P = 0.004). Therefore, the age-related changes of the FC measures were unlikely to be caused by the confounding effects of tSNR. Third, to ensure that the results were robust to the choice of the threshold, we re-defined the CFN and EFN with 2 more stringent thresholds (i.e., activation probability of 0.25 and 0.3) and then re-computed the FC-age correlation. We found that the results were replicated under these thresholds. That is, bilateral pSTS clusters showed a positive FC-age correlation (threshold 0.25: 157 voxels in the lpSTS, r = 0.561, P = 0.005, 63 voxels in the rpSTS, r = 0.580, P = 0.004; threshold 0.3: 72 voxels in the lpSTS, r = 0.558, P = 0.006, 44 voxels in the rpSTS, r = 0.563, P = 0.005), and a cluster in the rFFA/OFA showed a negative FC-age correlation (threshold 0.25: 317 voxels, r = −0.526, P = 0.01; threshold 0.3: 243 voxels, r = −0.525, P = 0.01), suggesting that our results were unlikely accounted for by different thresholds in defining the CFN and EFN. Finally, to ensure that the correlations between FC and age did not result from group difference between the male and female participants, we recalculated the FC-age correlation with gender regressed out, and found that the correlations between FC and age remained unchanged (lpSTS: partial r = 0.535, P = 0.01; rpSTS: partial r = 0.567, P = 0.006; rFFA/OFA: partial r = −0.595, P = 0.004).
To further explore the CFN regions whose FC to bilateral pSTS increased with age, we performed seed-based FC analyses with the identified bilateral pSTS clusters as seeds, and correlated the FC between the seed regions and each voxel in the CFN with age. We found that the FCs between the lpSTS and 4 clusters were positively correlated with age (P < 0.05, corrected, Fig. 2C ), including the right FFA and OFA (429 voxels, MNI coordinates 42 -50 −24), the left FFA (168 voxels, MNI coordinates −42 -52 −14), and bilateral pSTS (left, 205 voxels, MNI coordinates −44 -58 14; right, 661 voxels, MNI coordinates 58 −50 12). In addition, the FCs between the rpSTS and 3 clusters were positively correlated with age (P < 0.05, corrected, Fig. 2F ), including the right FFA (94 voxels, MNI coordinates 38 -48 −12) and bilateral pSTS (left, 204 voxels, MNI coordinates −48 -64 10; right, 306 voxels, MNI coordinates 62 −52 14). These results suggested that the pSTS integrated with all 3 regions in the CFN during development. Similarly, we explored the EFN regions whose FC to the rFFA/OFA decreased with age. We found that the FCs between the rFFA/OFA and 3 clusters were negatively correlated with age (P < 0.05, corrected, Fig. 3C ), including bilateral IFG (left, 524 voxels, MNI coordinates −32 20 −2; right, 2428 voxels, MNI coordinates 46 50 −8) and the ACC (510 voxels, MNI coordinates 6 28 36), indicating that the right FFA/OFA mainly segregated from these 3 regions in the EFN during development.
Behavioral Relevance of the Age-Related FC
After investigating the development of the FC within the CFN and that between the CFN and EFN, we further examined whether the obtained age-related FC was associated with behavioral performance in face processing. A classical faceinversion task was used in which participants decided whether the 2 sequentially presented upright or inverted faces were identical (Zhu et al. 2011) . We found that the CFN FC in the identified lpSTS and rpSTS clusters were positively correlated with the efficiency in the upright condition, controlling for age and gender (lpSTS: r = 0.437, P = 0.05, Fig. 4C ; rpSTS: r = 0.447, P = 0.05, Fig. 4F ). In contrast, no significant correlation was observed between the inverted face efficiency and CFN FC in bilateral STS (lpSTS: r = −0.117, P = 0.6, Fig. 4D ; rpSTS: r = 0.091, P = 0.7, Fig. 4G ). In order to measure the FIE, we regressed out the variance of inverted face efficiency from that of upright face efficiency, and found that the FIE was also positively correlated with CFN FC of bilateral pSTS clusters (lpSTS: r = 0.623, P = 0.003, Fig. 4E ; rpSTS: r = 0.467, P = 0.03, Fig. 4H ). These results indicated that higher integration within the CFN by bilateral pSTS was associated with better performance in upright face recognition and a higher FIE. In addition, given that the FIE has been widely taken as a signature of facespecific processing, which results presumably from the disruption of holistic or configural face processing (Yin 1969; Maurer et al. 2002; Rossion 2008) , we further examined whether the FC-FIE association could be attributed to mechanisms general to global processing of nonface objects as well, rather than facespecific mechanisms. A variant of Navon's global-local task was used to measure participants' tendency to process nonface objects more globally than locally. No significant correlation The scatter plot between the C-EFN FC in the rFFA/OFA cluster and age is shown for illustration purposes only. (C) The FCs between the rFFA/OFA seed and the clusters in bilateral inferior frontal gyrus (IFG) and the anterior cingulate cortex (ACC) were negatively correlated with age.
was found between the CFN FC in bilateral pSTS clusters and GLI (lSTS: r = 0.075, P = 0.7; rSTS: r = 0.032, P = 0.9), indicating that the association was specific to face processing other than nonface processing. Besides, no correlation was found between the C-EFN FC in the rOFA/FFA and the upright face efficiency (r = −0.051, P = 0.8), inverted face efficiency (r = 0.148, P = 0.5), FIE (r = −0.159, P = 0.5), or GLI (r = −0.115, P = 0.6). Note that all these correlation analyses were controlled for age.
Then, we explored the CFN regions whose FC to bilateral pSTS was associated with behavioral performance in the faceinversion task. We performed seed-based FC analyses with bilateral pSTS clusters as seeds, and correlated the FC between the seed regions and each voxel in the CFN with upright face efficiency. We found that the FC between the lpSTS seed and 3 clusters were positively correlated with upright face efficiency (P < 0.05, corrected), including the right FFA (191 voxels, MNI coordinates 44 -58 −12) and bilateral pSTS (left, 342 voxels, MNI coordinates −56 -64 8; right, 102 voxels, MNI coordinates 52 -62 12). In addition, the FC between the rpSTS seed and a cluster in the left pSTS (148 voxels, MNI coordinates −54 -62 38) was positively correlated with upright face efficiency (P < 0.05, corrected). No other regions showed FC correlating with performance in the face-inversion task. These results indicated that the integration between bilateral pSTS and the right FFA contributed to behavioral performance in the face-inversion task.
Discussion
In the current study, we investigated the developmental reorganization of the face network by examining age-related changes of the intrinsic FC within the CFN and that between the CFN and EFN with a voxel-based global connectivity Participants were instructed to respond as quickly and accurately as possible whether they saw a circle or a square. (C, D, E) The scatter plots between the CFN FC in the lpSTS and upright face efficiency, inverted efficiency, and face-specific efficiency, with age controlled. (F, G, H) The scatter plots between the CFN FC in the rpSTS and upright face efficiency, inverted efficiency, and face-specific efficiency, with age controlled.
approach. First, we found that the voxel-wise FC within the CFN increased with age in bilateral pSTS, suggesting that the CFN became more integrated during development. In contrast, the voxel-wise FC between the CFN and EFN decreased with age in the right FFA and OFA, suggesting that the CFN segregated from the EFN over the course of development. Further, we found that the FC within the CFN in bilateral pSTS was positively correlated with behavioral performance in the faceinversion task. Overall, our study demonstrated reorganization of the face network during development achieved by simultaneous integration of the CFN and segregation of the CFN from EFN, which may account for the simultaneous increases and decreases in activation development across the face network.
We found that integration within the CFN increased with age, with bilateral pSTS integrating with the FFA and OFA during development. Our voxel-based FC result is in line with previous findings showing age-related increases in regional-wise FC , task-state effective connectivity (Cohen Kadosh et al. 2011) , and anatomical connection among the core face regions (Scherf et al. 2014) . Moreover, we found that the integration between bilateral pSTS and the right FFA contributed to behavioral performance in the face-inversion task. Consistently, previous studies have shown that connectivity in the CFN can predict face recognition performance in adults. For example, the FC between the FFA and OFA can predict performance in face-processing tasks including the face-inversion task (Zhu et al. 2011) , and white matter connection adjacent to the FFA is also correlated with face recognition performance (Gomez et al. 2015) . However, these studies only examined the connectivity concerning the FFA and OFA and ignored the possible contribution of the connectivity related to the pSTS. Our results highlighted the critical role of the pSTS in integrating the core face regions and its contribution to face recognition performance, consistent with previous findings that the activation pattern and gray matter volume of the pSTS can predict performance of face identity recognition (Kanai et al. 2012; Yang et al. 2016; Zhang et al. 2016) . Moreover, the behavioral relevance of the FC between the pSTS and other core face regions implies that the strengthened FC may be the remnant of their collaborative experience in recognizing faces during development (Fair et al. 2008 (Fair et al. , 2009 Joseph et al. 2012) .
In contrast, we found that the CFN, especially the right OFA and FFA, segregated from the EFN over the course of development. To our knowledge, only 1 previous study has investigated development of the face network connectivity beyond the CFN, but it did not make a distinction between the CFN and EFN (Joseph et al. 2012 ). Thus, our study provided the first evidence for functional segregation between the CFN and EFN with age. More specifically, we found that the right FFA and OFA mainly segregated from the IFG and ACC of the EFN during development, where semantic information and personal knowledge of faces are processed (Haxby et al. 2000; Fairhall and Ishai 2007) . Considering that the EFN regions exhibit widespread higher activation in children than adults (Joseph et al. 2011; Haist et al. 2013) , these results suggested that the regions in the EFN are more likely to be co-activated with the CFN in children whenever viewing faces, and during development they become more flexibly recruited depending on specific task requirements in adults. Further, the dissociation of the EFN from the CFN may lead to the maturation of a collection of domain-general regions in the EFN, rather than forming a specialized network of its own. In fact, regions in the EFN can also be recruited for processing of stimuli other than faces in adults. For example, the amygdala is involved in emotional processing of many different stimuli besides faces, and the MPFC is engaged in a variety of tasks in processing social information (Wang et al. 2006; Blakemore et al. 2007; Kobayash et al. 2007; Pfeifer et al. 2007 ). Besides, the FC within the EFN did not increase with age, suggesting that the EFN regions do not form a separate specialized network during development. Therefore, our results suggested that the more domain-general EFN gradually separates from the domain-specific CFN during development.
Taken together, our study demonstrated the developmental reorganization of the face network achieved by simultaneous integration of the CFN and segregation of the CFN from EFN. These results echo the general mechanism that integration and segregation drive the development and maturation of human brain (Dosenbach et al. 2010; Gao et al. 2015) . More importantly, the network reorganization observed here may give rise to the development of functional specialization in the face network. Previous studies have shown an age-related increase of faceselective neural activation in the CFN (Golarai et al. 2007 (Golarai et al. , 2010 Scherf et al. 2007; Peelen et al. 2009; Joseph et al. 2011; Haist et al. 2013; Song et al. 2015) , together with a decrease of faceselective activation in the EFN (Joseph et al. 2011; Haist et al. 2013 ). According to the interactive specialized view that the development of functional specialization is shaped by competitive interactions between regions (Johnson 2000 (Johnson , 2001 (Johnson , 2011 , the developmental transformation from hyperactivation of the EFN to a focused activation of the CFN may stem from the network reorganization observed here. That is, at an early age, all regions of the face network may be activated by a wide range of stimuli types and serve as a general purpose mechanism. During development, the integration of the CFN may promote the information propagation among the CFN regions and tune the functionality of them, driving the age-related increase of face-selective activation in these regions. Meanwhile the segregation of the CFN from the EFN may lead to the decreased face activation of the EFN regions, reflecting the competition between the CFN and EFN regions by gradual elimination of irrelevant connectivity to reduce redundancy and promote efficiency. Subsequently, the development of connectivity and specialization of the face network drives the development of face recognition ability.
Indeed, recent fMRI studies on the relationship between connectivity and activation have provided supporting evidence for the interactive specialized account. First, activation specialized for object categories and evoked in a wide range of cognitive tasks can be predicted by large-scale connectivity patterns in adults (Saygin et al. 2012; Osher et al. 2016; Tavor et al. 2016) . Second, the development of the fiber tract connecting the faceselective regions predicts the age-related increase in the size of the FFA (Scherf et al. 2014) . Third, the FC between the OFA and FFA developed and matured earlier than face selectivity in either the OFA or FFA . Finally, a recent longitudinal study showed that earlier-developing connectivity patterns of the visual word form area can predict its eventual cortical site . Our results directly exemplified the interactive specialized view by showing competitive interactions between the CFN and EFN during development reflected by simultaneous network integration and segregation, which may instruct the development of functional specialization in the face-selective regions.
In sum, our study demonstrated reorganization of the CFN and EFN over the course of development, possibly reflecting a general mechanism that functional specialization of cortical regions is shaped by competitive interactions between regions during development. There are several unaddressed issues that are important topics for future research. Firstly, it is interesting to see whether interruption of normal network reorganization during development will give rise to developmental deficit of face recognition (i.e., developmental prosopagnosia) and other cognitive functions. Secondly, although our results are consistent with the idea that the development of connectivity instructs that of regional specialization , future longitudinal studies are needed to directly investigate the different developmental paces of network connectivity, regional specialization, and behavioral abilities in face recognition. Thirdly, some recent studies have shown that biological age and puberty status may exert differential effects on development of brain systems for emotion and social processing (Goddings et al. 2012; Byrne et al. 2016) . Future studies measuring puberty stage of participants in addition to their biological age can examine whether development of connectivity in the face network and other networks are influenced by puberty status. Finally, our study provided an example of network reorganization that corresponds nicely with the development of activation. Future studies are invited to examine whether similar pattern of developmental reorganization occurs for other brain networks, and importantly, whether the network reorganization is related to the development of functional specialization in other brain networks.
